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INTRODUCTION
The key physical and chemical characteristics of wine are an important facet to analysing the quality of the produce for the oenologist. Obtaining a good quality wine can only be achieved by better understanding the physicochemical properties of the wine, such as its alcohol content, pH, sulphur, sugars and other important variables. Recently, [1] considered a data mining procedure for analysing the physical and chemical characteristics as an "electronic tongue" using variables such as these. From their results, they have demonstrated that the classification of a wine by an assessor could be well predicted analytically. As part of their results, [1] gave a confusion table which cross-classified the number of wines that achieved a given level of classification with their predicted level of classification. Such a table helped to demonstrate that the quality of wine could be analytically, and accurately, derived from the analysis of 11 physical and chemical properties.
However, an exploration of the consistency of the wine classification, based on these physicochemical characteristics, was not made. There are a large variety of statistical tools that can help to better understand the association between the variables considered as part of an analysis. Some of these tools provide a graphical perspective of the association, other statistical techniques focus on numerical perspectives. Hence, the purpose of this paper is to determine how closely the predicted classifications are associated with the actual classifications made by the professional wine assessors. Of primary interest to us in this paper is exploring how well the wine classification has worked by considering a variety of visual tools, with particular attention given to correspondence analysis. One may refer to [2] for an excellent practical exposition of correspondence analysis, while [3, 4] give a more mathematical discussion of this statistical tool. There are many applications of correspondence analysis in many of the scientific disciplines. In particular, one may refer to [5, 6, 7] who consider its application within the chemistry discipline. As we shall see, the advantage of correspondence analysis is that it allows for a visual inspection of the association between the variables. Therefore, we shall compare the classifications made by the wine assessors with that of the more formal analytical techniques that have jointly considered 11 physical and chemical characteristics of the wine. This will be achieved by considering the following six sections. Section 2 will provide a summary of the data considered by [1] and the 11 physiochemical properties of the wines. Section 3 briefly describes the motivation behind using correspondence analysis to analyse the confusion matrix associated with the red wines and the white wines. A retrospective study of the original data is given in Section 4 where the mean levels of each characteristic are given for each wine classification. Such information provides a very quick guide as to the relationship between the physical and chemical characteristics and the quality of wine. A more formal approach to analysing this aspect of the data is considered by using multiple regression analysis -see Section 4. While these provide relatively simple numerical summaries of the links between each of the characteristics and wine quality ( [8] considers an alternative approach to do so) a visual inspection of their association is made using correspondence analysis. Such an analytical technique allows for the user to determine the accuracy of the classification method employed by [1] with the classifications made by the assessors by constructing a low-dimensional plot that considers both sets of classifications. Here we shall consider, and provide an interpretation, of a twodimensional plot and demonstrate how such an interpretation can be improved by considering a threedimensional plot. We shall be performing a separate analysis of the red wines and the white wines and show how a joint analysis of both types of wines can be made. We shall also show in Section 5 how the analyst may visualise in two-dimensions the information contained in a high-dimensional plot by using dendrograms. Some final comments will be made in Section 6.
THE DATA
The study of [1] involved a total of 6497 wines that were produced from the Minho Province in northwest
Portugal between May 2004 and February 2007. Of these wines, 4898 were white wines and 1599 were red wines. A database was built summarising the information on 11 key chemical and physical qualities of the wines. The quality of the wines were rated on a eleven point scale by a minimum of three sensory assessors who conducted their assessment using a blind study; the scale used ranged from 0 for a wine judged as very bad to 10 for a wine assessed as excellent. To compare the assessors' classification of the wines, data mining tools known as support vector machine (SVM) techniques were employed to obtain an analytical study of the wine quality. The quality of the wine (on this 11 point scale) was used as the response variable. Regression techniques can be used to identify which (if any) of the above key characteristics are important for determining the quality of the wine and we shall discuss the results from performing such an analysis. The actual classifications are taken as the median classification made by the three assessors. To summarise the actual classification and predicted classification of the wines, one may consider a confusion matrix [9] ; such a matrix is sometimes referred to as a matching matrix or misclassification matrix [10] . For our 11 point classification scale, the confusion matrix is of size 11 x 11 and if the level of classification using the physical and chemical characteristics predicts perfectly the actual classification made by the assessors, then it is a diagonal matrix with non-zero entries along the diagonal and zero entries elsewhere. Table 1 is a partial confusion matrix for the red wines analysed since it ignores those classifications that had a total number of zero wines -this confusion matrix was given in [1] . Similarly, 
CORRESPONDENCE ANALYSIS
To obtain a graphical view of the association between the predicted and actual classification of the wines, we shall consider using correspondence analysis. Such a technique may be viewed as similar to principal components analysis but is used for the analysis of two or more categorical variables. Over the past four decades, correspondence analysis has increasingly grown from a relatively unknown statistical tool used predominately throughout Europe (especially amongst French speaking analysts) to a popular method of analysis. It has especially gained favour as an exploratory tool for researchers in many of the applied scientific disciplines including ecology, geology and, to a lesser extent, chemistry.
Like many of the techniques that fall within the realm of statistical techniques designed for multivariate data analysis, correspondence analysis is a dimension reduction procedure specifically designed for count data summarised in the form of a contingency table; as mentioned above, we may consider the confusion matrices of Table 1 and Table 2 as special types of contingency table. The idea of these dimension reduction techniques is that they allow data that would normally be visualised using multiple dimensions to be viewed in a low dimensional space by representing as much of the information contained in the data as possible. Typically, obtaining a two, or sometimes three, dimensional graphical representation of the data is the aim of these techniques. For Table 1 , say, each of the rows can be viewed as a point in five dimensional space (if one considers each value to represent the coordinate in that space). Similarly, each of the columns of Table 1 can be viewed as a point in space consisting of six dimensions. With two different spaces (one for the row classifications, and another for the column classifications), it is more beneficial to represent the accuracy of the classification method (when compared with those made by the assessors) based on the physiochemical properties of the wine using a joint space that consists of less than five dimensions. A mathematical description of how this is achieved is given by [3, 4] and a host of other recently published books and articles on this topic.
A more practical description of correspondence analysis can be found by considering, for example, [2, 11] while a review of the history of correspondence analysis can be found by considering, for example, [12, 13, 14 ].
An analyst may gauge the accuracy of the classification being made by considering the proportion of wines that were correctly classified. For example, based on the confusion matrix of of white wines were correctly classified based on this information. Such figures suggest that the classification approach considered by [1] is, in most cases, adequate at replicating the classifications given by the assessors.
However, there is some evidence here of misclassification of the wines.
Before we consider possible causes for such misclassifications, we shall first provide a preliminary examination of the raw data and explore how the physiochemical properties relate to the wine quality. We shall then look at where the classification technique used by [1] works well and where it does not.
4
A RETROSPECTIVE ANALYSIS
White Wine Analysis
Before we undertake a correspondence analysis of the confusion matrices given by [1] , we shall first consider a retrospective analysis of the psychochemical characteristics. This will allow us to understand which of the characteristics play a significant role in helping to determine the quality of wine. We shall first focus on the 4898 white wines that were sampled. A preliminary investigation of the characteristics may be undertaken by observing the mean quantity of each characteristic for the classifications of the white wines as scored by the assessors. Table 3 provides a summary of these quantities and shows that fixed acidity, volatile acidity, residual sugar, and density appear to lower as the quality of the white wine improves. Similarly high levels of pH, sulphates and alcohol appear to coincide with highly rated white wines. Table 3 summarises the relationship between the characteristics and the assessors rating of the wine quality, it does not provide any indication of the variation within each classification for each physiochemical property. The importance of these characteristics may be more formally analysed as predictors of wine quality by performing a multiple regression analysis of the original white wine data considered by [1] . Table 4 provides the numerical output from performing such an analysis and was obtained using SPSS as the statistical software package. Table 4 shows that that citric Acid, chlorides and total sulphur dioxide do not (statistically) significantly impact upon the quality of wine since their p-value is less than 0.05 (note that we are using 0.05 as our level of significance however there is no reason why other levels cannot be considered). Fig. (1) . about here
The results obtained from the multiple regression analyses of the wines are consistent with those obtained by [1] . It would seem that higher quality red and white wines are associated with higher levels of alcohol and sulphates (expressed as potassium sulphate) and lower levels of volatile acidity (imparting sourness to wine due to acetic acid). Sulphate is added for clarification of wine, an aesthetic characteristic which, no doubt, contributes to the perceived high wine quality. Other characteristics: fixed acidity, residual sugar and pH, have also been shown to be important considerations in obtaining high quality white wines although not for red wines.
By performing a multiple regression analysis of the data of [1] , a number of assumptions have been imposed.
The quality of the output, and therefore the analysis, is dependent on the validity of these assumptions. A key assumption of the model is that it describes a linear relationship between each of the physiochemical characteristics and the quality of wine. Another important assumption is that the errors between the observed white wine classification and those predicted from the multiple regression model are normally distributed. Using SPSS, it is easy to determine the validity of this assumption by constructing a P-P plot of the residuals. For the white wines considered in this study, such a plot is given by Fig. (1) . Since the residuals lie close to the diagonal line, this indicates that the normality assumption appears valid. Thus, there is reason to believe that the conclusions obtained by considering the multiple linear regression output are valid.
Red Wine Analysis
Suppose we consider the sample of 1599 red wines originally considered in the study of [1] . Table 5 shows the mean physiochemical characteristics for each classification given to the red wines by the assessors. It appears from this simple table that an improvement in the quality of the red wines coincides with an increase in fixed acidity, citric acid, sulphates and alcohol. Similarly, it appears that good quality red wine is characterised by low levels of residual sugar, chlorides, sulphur dioxide and pH. A more precise analysis of the key physiochemical characteristics that influence the quality of red wines can be undertaken by considering a multiple regression analysis, as we did above for the white wines.
By performing such an analysis on the red wines, the SPSS output is given as A check of the normality assumptions underlying the residuals of the regression model reveal that they are valid (as can be seen by the close fitting horizontal line of Fig. (4) ) leading to a valid conclusion of those statements made above.
Strictly speaking, since wine classification is bounded by the extremes of the 11 point scale and takes integer (whole number) values, a normal distribution is not necessarily an appropriate assumption to impose. For this reason, a more comprehensive examination of the link between the chemical and physical characteristics of the wine on its quality can be made by considering the approach taken by [1] for analysing the data. Such an analysis was not performed using multiple linear regression analysis, and these analyses do not take into consideration interactions that may exist between the different characteristics. Nevertheless, the analysis undertaken in this section does provide a glimpse into understanding what characteristics help to improve the quality of wine, and those that lead to a poor quality. 
-------------------

Fig. (2). about here -------------------
AN ANALYTICAL ASSESSMENT OF THE CLASSIFICATION OF THE WINES
Here we shall assess the accuracy of the methods used to classify the wines based on the information provided by the 11 physicochemical properties given in Section 2. The method of analysis that will be used is correspondence analysis. We shall consider the analysis of the 1600 red wines cross-classified to form the confusion matrix of Table 1 and then move on to the analysis of the white wines. We shall conclude this section by simultaneously considering the both the red and white wines in our correspondence analysis.
Analysis of Red Wine
The confusion matrix of Table 1 provides a numerical summary of how the actual red wine classifications compare with those predicted by using the data mining technique through analysing the 11 physicochemical properties. A graphical interpretation of the accuracy of the classification may be obtained by considering the correspondence plot of Fig. (3) . and "Good" (for classifications 7 through to 10). Fig. (3) shows that the predicted classifications of the wines based on the physicochemical characteristics considered are, in most cases, consistent with the classification given by the assessors. Certainly, a predicted classification of 5, 6 and 7 corresponds well with their actual classification. However, the model appears to classify more harshly the poorer wines when compared with those of the assessors, while it over-rates the good wines.
-------------------
Fig. (3). about here -------------------
One may also construct alternative visual summaries of the association between the assessors' classifications of the red wines and those predicted using the analysis of [1] . When considering the confusion matrix of Table 1 Since it is very difficult to visualise a 4 dimensional space, a dendrogram may be considered and can be constructed using a variety of different distance measures between the classifications and wine types. By considering Euclidean distances and using the complete-linkage method to identify clusters of points in the 4 dimensional space, we obtain the dendrogram of Fig. (4) . The dendrograms in the remainder of this paper were constructed using this approach
This graphical summary shows that in the classification of the quality of wines using physiochemical characteristics, there is no apparent difference between those wines with a predicted classification of 8. It also shows that a classification of 8 was poorly predicted using these properties, while a wine classified as a 7 was well predicted. Wines that were predicted to have a classification of 4 are more associated with those that received a classification of 3 by the assessors. Despite these relative inaccuracies of the prediction process considered by [1] , the chemical and physical characteristics of red wine were good predictors of its quality. As we saw before, 62.3% of the red wines were correctly classified. Taking into account the relatively small number of red wines that were given a high or low classification, it is here were the prediction could have been improved.
------------------- Fig. (4) . about here
Analysis of White Wine
The confusion matrix of Table 2 provides a numerical summary of how the actual white wine classifications compare with those predicted by using the data mining technique through analysing the 11 physicochemical properties. A graphical interpretation of the accuracy of the classification may be obtained by considering the correspondence plot of Fig. (5) . The analyst will observe that the two dimensional plot of Fig. (5) represents only about 75% of the association contained in the confusion matrix of Table 2 . A full dimensional correspondence plot would consists of min(#rows, #columns) -1 = min(7, 5) -1 = 4 dimensions. Therefore the third and fourth dimensions of the plot would reveal the remaining 25% of the association structure. A dendrogram may be considered for representing 100% of this association, and for a correspondence analysis of Table 2 , such a graphical summary is given by Fig. (6) . It shows that, unlike the red wines analysed, the classification method using their chemical and physical
properties predicted well the good quality wines (as can be seen by the small cluster consisting of A8 and P8).
However it failed to adequately predict those wines given a low classification of 4. The classification method worked very well for those wines rated 5, 6 and 7. Again, the misclassification of white wines (of which there were 100 -64.6 = 35.4%) can be predominately attributed to the poor quality wines (given that there were relatively fewer wines with a high or low classification when compared with those wines rated 5, 6 or 7).
------------------- Fig. (6) . about here
Simultaneous Analysis of Both Types of Wine
We may also monitor the accuracy of the classification method by simultaneously considering the red and white wines in the correspondence analysis. Since there is more than one wine analysed in such a case (with the possibility of multiple types of wines being simultaneously considered), this method of correspondence analysis is referred to as multiple correspondence analysis. There are a variety of ways in which multiple correspondence analysis may be performed and the interested reader is directed to [15] for a comprehensive treatment of the various issues. Here we shall focus on one of the simplest approaches and that is by analysing the confusion in its Burt matrix form. Such a matrix is a supermatrix of two-way matrices and diagonal matrices containing the marginal frequencies for red wine, white wine and wine type as given in Table 1 and Table 2 . Table 7 provides the Burt matrix that we shall be analysing. A multiple correspondence analysis may be performed by analysing the Burt matrix in the same way we would the confusion matrices above. For our analysis, one may consider Table 7 to be a super-confusion matrix.
By performing a correspondence analysis on Table 7 we obtain the two dimensional correspondence plot of Fig.   (7) .
------------------- Fig. (7) . about here classification given to that wine by the assessors. It clearly shows that the model was able to classify fairly well those wines given a high quality rating of 8 out of 10. However, the remaining configuration is centred near the origin of the correspondence plot. Therefore, Fig. (8) provides a visual display of the configuration that is located near the origin. We can see that the classification method worked well in predicting the wine quality. It also shows that the prediction of the wine quality given the physicochemical properties of both the red and white wines was very similar; a conclusion that is apparent by observing the close proximity of their points in Fig. (8) .
-------------------
Fig. (8). about here -------------------
One must be cautious and not to be too hasty to draw conclusions that the level of prediction is extremely accurate since the plot only provides a visual description of about 40% of the association between the actual classification given to the wine and the predicted classification obtained by considering its physical and chemical properties. Adding a third dimension to the visual summary yields an additional 15% of the association. Doing so, Fig. (9) gives a three-dimensional correspondence plot of the association between the actual and predicted classifications and graphically represents 55% of the information contained in the superconfusion matrix of Table 7 ; the black dot in Fig. (9) represents the origin of the display.
Fig. (9). about here -------------------
By analysing the super-confusion matrix of Table 7 , the analyst can construct a dendrogram with min(#rows, #columns) -1 = 13 -1 = 12 dimensions. The advantage of the dendrogram in this case is that, not only does it alleviate the problem of visualising points in such a huge dimensional space, it will also reflect 100% of the information contained in Table 7 . Such a dendrogram is given in Fig. (10) and shows that the classification of the wines using physiochemical characteristics works very well for those wines with a midrange classification; this is consistent with such findings made by analysing the red and white wines separately.
It also shows that white wines and red wines were equally well classified, however, as we established above there is a poorer level of accuracy in the prediction for those classification levels that lie close to the extremes.
One may consider, for example [16] , or [17] for a practical description of the application of clustering methods.
Other plotting procedures, including Andrew's plots [18, 19] , can also be used for viewing points in multidimensional space.
Fig. (10). about here -------------------
CONCLUSION
Understanding the key chemical and physical properties of wines aids in understanding how good quality wines can be made, and how the production of poor quality wines can be avoided. Therefore understanding the behaviour of these properties and their impact on wine quality is an important aspect to those in the wine industry. Based on the study undertaken by [1] , a mechanism does exist for predicting the quality of wine based on these physiochemical characteristics, using trained assessor's classifications as a baseline.
While this procedure of classification works very well for those wines given a mid-level classification, this paper has revealed that it does not perform as reliably when considering those wines judged to be of a high, or low, quality. Such findings may not be apparent by observing the confusion matrix of the red or white wines since the number of wines given high and low classifications are relatively very small. Therefore, by considering the correspondence analysis of these matrices we have revealed the extent to which the classification method is accurate, and where further research is needed to improve its reliability.
There are a vast array of statistical procedures that can be employed to assess the quality of the classification method considered by [1] . For example, if we treat the relationship between the actual classification and predicted classifications in an exploratory/response variable manner then the correspondence analysis procedure considered in this paper no longer becomes appropriate. Instead, one may consider a cousin of correspondence analysis called non-symmetrical correspondence analysis. One may consider, for example, [20, 21] for a mathematical description of various issues concerned with non-symmetrical correspondence analysis, while [22, 23] provides a more practical discussion. Using such a technique can take into account the situation where the analyst is interested in how the predicted classifications (based on the physiochemical properties) may impact upon the assessor's classification. The analyst may also consider an analogous approach that takes into account,
given the wine type (red or white) how does this knowledge impact upon the classification that it receives.
Further investigation of these, and other issues, will be left for future research.
Fig. (1).
A Normal P-P plot of the residuals from a multiple regression analysis of the white wine.
Fig. (2).
A Normal P-P plot of the residuals from a multiple regression analysis of the red wine. Fig. (7) . Correspondence plot of the super-confusion matrix given in Table 7 .
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